Uncertainties in the design process are investigated in this paper. A formal Bayesian method is presented for designers to quantify uncertainties in design process. The uncertainties are implemented in a decision support system that plays a key role in design of complex projects where a large and multidisciplinary team of engineers are involved. The proposed method produces the probability distribution function of the model score or uncertainty. Two example applications for design and empirical demonstrate application of the method.
Introduction
In this paper, a formal approach is provided to formulate the uncertainties of the design process by integration of the prior information and data. These are important elements in the design process since designers start the design with a program of requirements which include a large amount of uncertainty [1, 2] . Then, data and information are used to reduce uncertainty and to improve the prior information of the designer. As a result, implementation of a technique that can integrate the prior information of the designer and the accumulated data to assess the overall uncertainty of the problem is of great value to design process in system analysis and product development. For this purpose, we use a Bayesian method based on the global uncertainty concept [3, 4] . This robust concept helps us to unify different uncertainties into one. In other words, the uncertainties sourced from experts, designers, users and clients are unified using the concept of the global uncertainty. These results are used for a decision support tool which leads a designer to robust product design [5] .
The use of graphs and drawings is preferred to effectively communicate with users. Because designers are usually strong in visual communication, we embrace visual communication with designers to present the uncertainties or confidence visually. Having this said, we used a simple table for this purpose with a scale factor ranging from 0 to 100. This is shown in Figure 1 . The values of 0 and 100 represent two extreme limits respectively, for no chance of acceptance, and absolutely satisfied criterion for a certain concept. Figure 1 Assume that there are a number of criteria i for a few given concepts. Given these, we wish to make a rational decision by choosing between the competing concepts. The expert opinion for each concept is given by a set of random variables with Gaussian distribution,
. On the basis of the rational frame work, we consider the first moment of these random variables as the scoring function [4, 6] . Assuming different weight factor for each criteria, we use the following equation to rank the candidate concepts and select the concept with the highest score:
where  is the given score (rank) to the j-th concept, i is the total number of criteria, i  is the weight factor of criterion i .
Mathematical Formulation
Consider a model score function  that we wish to estimate based on some prior information, I , and data, D . The prior information is the result of the designer's knowledge, while the data comes out of the interview with stakeholders, experts, users, etc. Let ( | , )
be the univariate probability density function (pdf) representing the model score as a random variable. The data D and prior information I are obtained from the designers, experts or interviews (surveys).
Let  be the global uncertainty which relates all local uncertainties. The global uncertainty  (e.g., global standard deviation) was first used in [7] [8] [9] to define a nuisance random variable. With marginalization and the global uncertainty, we can write ( | , ) ( , | , ) .
By application of Bayes Theorem, we find
We need to define the first term ( | , , )
in the RHS of Equation (3). The value of error with a zero mean can be positive or negative and its unknown variance is 2  . We use index j for this to associate it with the designer, and the designer's error by j e . We use the Gaussian density function to model the error in a standard error form [10] . We define the Gaussian error as
where j e is the error and . By making the change of variable from j e to  , we obtain the following multivariate pdf for the pixels  as:
Following the approach used in [7] , we can associate the global and local uncertainties by defining = ,
where
. We apply the Gaussian distribution in Equation (4)  , it can be concluded that
Multiplication of Equations (5) and (8) according to Equation (3) and integration over  gives the posterior ( | , ) . The numerical algorithm best for implementing these formulas is summarized next.
Application example: COLD FACTS Project
The Cold Facts is a program of the Dutch World Wide Fund (WWF Netherlands) established or climate change studies in the Polar Regions to build a reliable and lightweight weather station deployed in North Pole. The design team for this project is composed of 15 designers from different faculties of TUDelft. Decision-making in the design process was a challenge at the managerial level because of the experience level and the diversity of designers' knowledge. This challenge was explicitly addressed through a series of reports and presentations.
To clarify the implementation aspect of our method, we selected three criteria for selecting the final concept. These criteria were: reliability, aesthetics, and light weight. We considered these to be the most important requirements of the model. In the next step, Concept 1 and Concept 2 were presented to an expert, asking for his expert opinion. The designer's prior knowledge for either of the concepts is the same as given in Figure 2 . For the demonstration purpose, we present here the results of integration of three different experts with a designer's opinion on either of the concepts. These are shown in Figure 4 , representing the probability density function (pdf) of the model score. Having calculated the first moment of these pdfs, the best concept can now be chosen. 
CONCLUSIONS
A detailed description of the theoretical formulation and numerical implementation for a Bayesian framework of a probabilistic approach and its integration with the design process are provided in this paper . The proposed hybrid approach is based on the Bayesian interpolation method. We present a methodology that enables us to formulate the uncertainties of different elements in design process and integrate the prior information with the data. This is
